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Abstract

Offline preference optimization offers a simpler and more
stable alternative to RLHF for aligning language models.
However, their effectiveness is critically dependent on rank-
ing accuracy, a metric where further gains are highly im-
pactful. This limitation arises from a fundamental problem
that we identify and formalize as the Overfitting-Underfitting
Dilemma: current margin designs cause models to apply ex-
cessive, wasteful gradients to correctly ranked samples (over-
fitting) while providing insufficient corrective signals for
misranked ones (underfitting). To resolve this dilemma, we
propose Adaptive Margin-attached Preference Optimiza-
tion (AMaPO), a simple yet principled algorithm. AMaPO
employs an instance-wise adaptive margin, refined by Z-
normalization and exponential scaling, which dynamically
reallocates learning effort by amplifying gradients for mis-
ranked samples and suppressing them for correct ones. Ex-
tensive experiments on widely used benchmarks demonstrate
that AMaPO not only achieves better ranking accuracy and
superior downstream alignment performance, but targeted
analysis also confirms that it successfully mitigates the core
overfitting and underfitting issues.

Code — https://github.com/Shiroha-Offical/AMaPO
Extended version — https://arxiv.org/pdf/2511.09385

1 Introduction

Aligning Large Language Models (LLMs) with human pref-
erences, ensuring they are helpful, honest, and harmless,
also known as preference learning, is crucial for LLM re-
search (Bai et al. 2022; Ouyang et al. 2022). A standard
approach for this task is Reinforcement Learning from Hu-
man Feedback (RLHF), a powerful online algorithm that
first trains a reward model on human preferences and then
uses reinforcement learning to optimize the LLMs (Ouyang
et al. 2022; Schulman et al. 2017). Despite its demonstrated
success, RLHF is notoriously complex and prone to train-
ing instabilities, presenting significant practical challenges
(Engstrom et al. 2020). To circumvent these issues, a new
family of offline alignment algorithms has emerged, led by
methods like DPO (Rafailov et al. 2023), IPO (Azar et al.
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2024), KTO (Ethayarajh et al. 2024) and FocalPO (Liu et al.
2025). These approaches offer superior simplicity and sta-
bility by directly optimizing the LLMs to favor preferred re-
sponses over dispreferred ones, thereby bypassing the need
for an explicit reward model and the complexities of RL. At
its core, the efficacy of this entire paradigm is the ranking ac-
curacy of an implicit reward model, which dictates how well
the optimization process can distinguish between desirable
and undesirable outputs.

Therefore, many subsequent DPO-style methods have
been used to improve ranking accuracy, either explicitly pri-
oritizing ranking (Chen et al. 2024) or indirectly fostering
this capability through other modifications. A primary direc-
tion of these methods is to manipulate the implicit reward
function, often by incorporating a reward margin to better
separate preferred and dispreferred responses. Innovations
in this direction include introducing fixed or dynamic mar-
gins (Meng, Xia, and Chen 2024; Wu et al. 2024) or updat-
ing the reference model to create more favorable optimiza-
tion landscapes (Gorbatovski et al. 2024). Although these
methods report improved performance, their contributions
are typically validated empirically, without a unified theoret-
ical perspective to explain how these methods dynamically
affect ranking accuracy during training and to compare with
each others. Separately, emerging work has analyzed the
gradient dynamics of preference learning algorithms (Feng
etal. 2024; Yan et al. 2024; Yuan et al. 2024; Ma et al. 2025).
However, these studies often fail to explicitly connect their
findings on gradient properties, such as magnitude or con-
flict, with the resulting changes in ranking accuracy. There-
fore, we argue that a crucial analytical bridge is missing: a
framework that not only examines the gradient dynamics of
these advanced DPO variants but also directly links them to
the dynamic evolution of ranking accuracy.

To bridge this analytical gap, we introduce a unified
framework that analyzes DPO-style methods through the
lens of the reward margin. First, we reformulate existing al-
gorithms, including DPO and its variants, into a generalized
objective function based on different margin designs. This
unification establishes a direct, formal connection between
the algorithmic structure of each method and its capacity to
optimize ranking accuracy. Within this framework, we then
employ gradient dynamics analysis to investigate how these
distinct margin formulations shape the learning trajectory of



ranking accuracy. Our analysis reveals a fundamental flaw in
the standard DPO mechanism: for samples that are already
correctly ranked, its margin design leads to overfitting by
assigning excessively large gradients, wasting capacity on
these easy samples. Conversely, for incorrectly ranked sam-
ples where learning is most critical, the margin often results
in underfitting by providing insufficient gradients, thereby
hindering the correction of errors. We also find that while
some of subsequent DPO-style methods attempt to address
this, they fail to fully resolve this core tension.

Motivated by our analysis, we introduce AMaPO, an
algorithm designed to resolve this overfitting-underfitting
dilemma. AMaPOQO’s core strategy is an instance-wise adap-
tive margin, refined by Z-normalization and exponential
scaling. By dynamically assigning large corrective margins
to underfit samples and a zero margin to correctly ranked
ones, it effectively reallocates learning effort to where it is
most needed. Our extensive experiments on diverse bench-
marks demonstrate that AMaPO not only achieves state-of-
the-art ranking accuracy and superior downstream alignment
performance, but targeted analysis also confirms that it suc-
cessfully mitigates the core overfitting and underfitting is-
sues, validating our approach.

The main contributions of this paper are: (i) We intro-
duce a unified margin-based framework to analyze gra-
dient dynamics of DPO-style algorithms, which reveals
an overfitting-underfitting dilemma: existing methods ex-
pend excessive gradient on already-learned preferences
(overfitting) while providing insufficient signal to correct
misranked ones (underfitting). (ii)) We propose Adaptive
Margin-attached Preference Optimization (AMaPO), a prin-
cipled algorithm directly resolves this dilemma. AMaPO
employs an instance-wise adaptive margin and refined
by Z-normalization and exponential scaling, that reallo-
cates learning effort by amplifying gradients for misranked
samples and suppressing them for correctly ranked ones.
(iii) Extensive experiments demonstrate AMaPO achieves
state-of-the-art ranking accuracy, solving the overfitting-
underfitting dilemma and leading to superior downstream
alignment performance like instruction-following and com-
plex reasoning.

2 Related Works

Offline Preference Learning Algorithms Offline Prefer-
ence Learning Algorithms, initiated by Direct Preference
Optimization (DPO) (Rafailov et al. 2023), directly optimize
the LLM on preference data, obviating practical challenges
such as the need for a separate reward model and training
instability. Optimized DPO variants generally fall into two
categories: reformulating the core loss function (Azar et al.
2024; Ethayarajh et al. 2024), or incorporating an explicit
reward margin to separate preference pairs robustly (Boser,
Guyon, and Vapnik 1992; Turner and Firth 2012). This
margin-based approach has been realized through employ-
ing fixed or instance-dependent margins to improve learn-
ing stability and handle potential data noise (Meng, Xia, and
Chen 2024; Kim et al. 2024; Amini, Vieira, and Cotterell
2024). Others achieve a form of dynamic regularization by
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progressively updating the reference policy itself, which ef-
fectively creates an adaptive margin throughout the train-
ing process (Gorbatovski et al. 2024; Wu et al. 2024). De-
spite these diverse, the central mechanism common to all
these DPO-style algorithms is the implicit reward function.
This makes their ability to learn to classify preferences cor-
rectly, known as the ranking accuracy (Chen et al. 2024), the
paramount determinant of their success. However, the field
currently lacks a unified framework to analyze how these
different methods impact the evolution of ranking accuracy,
leaving a critical gap in our understanding.

Preference Learning Theory Concurrent with the devel-
opment of preference learning algorithms, a body of theo-
retical work has emerged to analyze their underlying mech-
anisms. These inquiries generally follow two primary per-
spectives: gradient dynamics and divergence analysis. From
the gradient perspective, for example, (Feng et al. 2024) re-
veals the limited learning capacity of DPO through field the-
ory and (Yuan et al. 2024) identify issues such as gradient
entanglement in margin-based methods. From divergence
perspective, it examines how DPO optimizes the model dis-
tribution 7y towards the distribution of chosen response.
While DPO implicitly optimizes a forward KL-divergence,
recent work identifies promoting mode-seeking behavior by
optimizing a reverse KL-divergence or Total Variation dis-
tance as a crucial property for preference alignment(Tajwar
et al. 2024; Xiao et al. 2024, 2025). While these analyses
are foundational, they typically examine each algorithm as a
distinct entity. In this paper, we also want to build upon the
tradition of gradient analysis but introduce a novel, unifying
perspective. Based on the unification, we further explicitly
connect the specific gradient properties of each method to
their dynamic impact on ranking accuracy.

3 Preliminaries

This section establishes the technical foundations for our
analysis. First, we detail DPO (Rafailov et al. 2023), the
seminal algorithm for offline preference learning that serves
as the basis for the methods we investigate. Second, we for-
malize the concept of the reward margin, which is used to
construct a unified representation of various DPO-style al-
gorithms. Finally, we define ranking accuracy, the primary
metric used throughout our work to evaluate the efficacy of
these alignment methods.

3.1 Direct Preference Optimization

Preference Data and the Bradley-Terry Model. Offline
preference optimization relies on a static dataset of prefer-
ences, D = {(z¥, yg), yl(l))}lN:l. Each entry consists of a
prompt z(9) and a pair of responses, (yfﬁ), yl(l)), where y,,
is preferred over y;, denoted as y,, > ;. This preference
is typically provided by a human annotator or a powerful
reward model. A standard assumption in the field is that
these preferences are drawn from a distribution that follows
the Bradley-Terry model (Bradley and Terry 1952), which
models the probability of preferring y,, over y; as a logis-
tic function of the difference in their latent reward values:

P = yilz) = o (r(@, yw) — (2, u1))-



The Direct Preference Optimization. Instead of explic-
itly training a reward model r(z,y), DPO (Rafailov et al.
2023) derives an analytical mapping from the optimal pol-
icy to the reward function. This allows DPO to use the log-
likelihood of the policy to implicitly represent the reward
function via a closed-form expression with the optimal pol-

icy:

Lopo(m9; D) = = Bz y,, y~p [ log o (8 log el
— Blog et )], M

where 7 is a fixed reference model, and [ is a temperature
parameter that scales the reward.

3.2 A Unified Margin-based Framework

Recent theoretical works have sought to unify DPO-style al-
gorithms under a single mathematical representation (Yuan
et al. 2024; Liu, Liu, and Cohan 2024). A common approach
is to formulate a general loss function that captures varia-
tions in reward shaping and regularization. However, with
the increasing prominence of methods that explicitly engi-
neer a reward margin (Zhao et al. 2024; Wu et al. 2024),
these existing frameworks can represent such methods only
indirectly, obscuring the margin’s central role.

To create a more direct analytical tool that reflects this
research trend, we extend the prior work (Yuan et al. 2024)
by proposing a refined unified objective with the margin, :

Lunified (0) = — (m(hw(log my) — hi(log m) — )

+ A (log 7). 2)
Here, h,,(x) and h;(z) represent transformation or adjust-
ment functions applied to the log-probabilities of the pre-
ferred and dispreferred responses, respectively. 7, and 7
represent 7y (y,,|2) and my (y;|x) for simplicity, respec-
tively. The term m(z) is a scoring function that computes the
difference between these transformed values with the margin
~v. Finally, A (log 7,,) is an optional auxiliary term that some
models incorporate to encourage additional learning specif-
ically on the preferred response. This formulation allows us
to directly compare algorithms based on their margin design.
For instance:

DPO: The original DPO algorithm fits this framework
with hy, () = hy(x) = Bz, m(xz) = logo(x) and a fixed
margin of v = 5(log Tref (Y |7) — 108 Trer (41| 7))

SimPO: Simple Preference Optimization (SimPO)
(Meng, Xia, and Chen 2024) is a highly effective DPO
variant, shown as

L:SimPO (7T9; D) = — E(Jf,yw,yl)ND [log U(ﬁ log ) (yw|(£)

— % log g (yi|x) — C)] 3)
It fits our framework by defining h,,(z) = JT‘Z‘, hi(z) =
Tor] & m(z) = log o(x) and a tunable margin v = C' > 0.

This margin-focused unification serves as the cornerstone
of our gradient analysis. !

"For completeness, we formulate other common DPO-style
methods within this framework in Extended version.
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3.3 Ranking Accuracy

While the ultimate goal of alignment is to produce genera-
tions that humans prefer, which is often evaluated by win-
rate against a baseline model (Zheng et al. 2023b), this met-
ric is costly and ill-suited for tracking training dynamics.
Therefore, a more direct and practical metric is crucial for
analyzing the learning process. Ranking accuracy (Liu et al.
2024; Chen et al. 2024) directly measures whether the pol-
icy (training) model 7y itself assigns a higher likelihood to
the preferred response over the dispreferred one for a given
prompt. Formally, it is defined as:
1
o, =
(z,yw,y1) €D
where I[-] is the indicator function. A higher ranking accu-
racy indicates that the policy’s preference ordering aligns
with the ground-truth data, and it serves as a predictor of
the downstream performance within a certain KL diver-
gence range (Chen et al. 2024). Furthermore, for our the-
oretical analysis, we utilize the instance-wise ranking accu-
racy derived from our unified framework (Eq. 2), defined as
hy (log 7y ) — Ry (log ;). For the vast majority of DPO-style
methods where the transformations h,, and h; are linear or
monotonic, the sign of this score is equivalent to the standard
ranking accuracy (i.e., hy, (logm,) — hi(logm) > 0 <—
mo(Yw|x) > mo(yi|z)). Throughout this paper, we use this
ranking accuracy as the primary lens for analysis.

R(ﬂ'f);’D) = I [779(yw|x) > 7r9(yl|x)] ;4D

4 Methods

In this section, we leverage the unified margin-based frame-
work established in the previous section to conduct a de-
tailed theoretical analysis and construct our related method.
Our primary goal is to understand how the margin design
in DPO and its variants affects the learning dynamics of
ranking accuracy. Through this gradient-level investigation,
we diagnose the key limitations of existing approaches and,
from these findings, distill a set of desiderata for a more
effective margin function. Building on these principles, we
then introduce Adaptive Margin-attached Preference Op-
timization (AMaPQ), a novel preference optimization algo-
rithm that assigns an adaptive margin specifically designed
to manipulate gradient magnitude, thereby improving both
ranking accuracy and overall alignment performance.

4.1 Gradient Dynamics and the Ideal Margin
Based on the unified objective in Eq. 2, we can derive a gen-
eral gradient formulation for DPO-style algorithms. The gra-
dient with respect to the model parameters 6 is:

Vo Lunified (0) = —m’(hy(log ) — y(logm) — )
(h,(log my) — hy(logm)) — A (logmy) . (5)
Specifically, we define dg = m/(hy, (log 7)) — hy(log m) —
v), which comprises log-probabilities of responses
(hw(logmy), hi(logm)) and margin v and significantly
affects the gradient magnitude?.

2For simplicity, we omit the contribution of A’(log 7,) to the
gradient magnitude, as A’(log 7., ) is typically a constant and not
related to 7.



Case Trg (T, Yw, Y1), Y |de| Influence
1 Trg (T, Yw, Y1) > 7y 1 mild update on correctly ranked samples, ideal.
2 T (T, Yu, Y1) < 7Y T aggressive update on correctly ranked samples, overfitting.
3 Trg (T, Yw, Y1) > 7Y 1 mild update on incorrectly ranked samples, underfitting.
4 Tro (T, Yo, Y1) <7y T aggressive update on incorrectly ranked samples, ideal.

Table 1: All four possible cases for training dynamics of the unified framework in Eq. 2, where 1 and | indicate increase and
decrease, 71, (T, Y, Y1) = hy(logmy) — hi(log ;). The correctly ranked means ., (x, Yy, y1) > 0, the incorrectly ranked
means 7, (T, yw, y1) < 0. Case 1 and Case 4 are the ideal behavior which properly control the learning rate.

This insight reveals a crucial mechanism: for a given state
of the policy 7y, the margin ~ is the primary lever to con-
trol the learning rate. Since the gradient magnitude dg is
governed by

de = m/ (hy(log my) — hy(logm) — ) 6)

where m' is usually a monotonically decreasing function
and m/(z) > 0 (as m(x) = logo(x)), the choice of v di-
rectly determines whether the learning signal is amplified or
suppressed. A poorly designed margin leads directly to what
we term the Overfitting-Underfitting Dilemma.

Definition 1 (The Overfitting-Underfitting Dilemma) An
algorithm is susceptible to this dilemma when its margin ~y
causes inefficient optimization:

* OQvetfitting: A large margin produces wasteful gradients
for correctly ranked samples, forcing the model to over-
optimize on these samples.

» Underfitting: A small margin yields small gradients for
incorrectly ranked samples, stifling learning where it is
most needed.

Table 1 provides a concrete illustration of these cases. Re-
solving this dilemma requires a margin that adheres to a key
principle: it must be dynamically adaptive to the policy’s
instance-wise ranking accuracy. This motivates the concept
of an Oracle Ranking Margin.

Definition 2 (Oracle Ranking Margin) The Oracle Rank-
ing Margin, v*, is an instance-specific, non-negative thresh-
old that acts as a dynamic learning target 3, distinguishing
between incorrectly ranked samples that require a strong
learning signal vr,(z,Yw,y1) < ~*, and correctly ranked
ones whose gradients should be suppressed to prevent over-
fitting v, (x, Y, Y1) > v*. The instance-wise ranking accu-
racy v, (T, Yw, Y1) is defined as h,,(log my,) — hi(log ;).

With these principles established, to thoroughly inves-
tigate whether existing DPO-style algorithms satisfy the
above demands, our analysis focuses on two of the most cel-
ebrated objectives, including DPO and SimPO.

Analysis of DPO. The margin, v = S1og myef (yw|2) —
Blog et (yi|x) derived from the reference model, can nei-
ther dynamically adapt to instance-wise ranking correctness
nor remaining positive. This irrelevance suggests that DPO
can reproduce all cases above, which might result in overfit-
ting and underfitting, as illustrated by case 2 and case 3.

3We provide further theoretical analysis in Extended version.

37344

Analysis of SimPO. Although v = C' > 0 is guaran-
teed to remain positive, it overlooks the variability inherent
in instance-wise ranking correctness. This rigidity suggests
that SimPO can reproduce case 2 and case 4, which could
lead to overfitting as shown in case 2.

Our analysis reveals that margin designs of both DPO
and SimPO fail to proactively adapt based on instance-wise
ranking correctness, leading to overfitting and underfitting
in preference learning and, consequently, suboptimal rank-
ing accuracy and alignment performance.

4.2 AMaPO: Adaptive Margin-attached
Preference Optimization

To overcome the aforementioned limitations, we intro-
duce Adaptive Margin-attached Preference Optimiza-
tion (AMaPO). Our approach is designed to directly re-
solve the Overfitting-Underfitting Dilemma by dynamically
adjusting the gradient magnitude for each sample. We build
upon the robust SimPO (Meng, Xia, and Chen 2024) frame-
work, but our key innovation lies in replacing its static
margin with a principled, instance-wise adaptive margin,
~¥(x, Yw, y1 ). The general objective is:

['AMaPO(ﬂ—O; D) = - IE(x,yw,yl)ND [lOg G(Tﬂg ((E7 Yw, yl)

= (@, Y, 1)) (7)
where 7, (2, Yu, 1) = 17 108 ™o (yul) — oy log mo (] )

is the implicit ranking accuracy, and m(z) = logo(x) as
Eq. 2. The following subsections detail the design of our
adaptive margin, y(x, Y, Yi)-

Formulating the Ideal Adaptive Margin. Our theoreti-
cal analysis concluded that an ideal margin must be dynam-
ically adaptive. To satisfy this, from definition 2, the margin
should reflect the gap between the policy’s performance and
the ideal target set by the Oracle Ranking Margin, v*. We
therefore formulate the ideal adaptive margin as:

®)

This formulation is inherently dynamic and directly ad-
dresses the dilemma. For incorrectly ranked samples where
rr, < 0 < 7%, the margin is positive and large, amplifying
the corrective gradient to mitigate underfitting. For correctly
ranked samples where 7., > v* > 0, the margin becomes
zero, suppressing the gradient and preventing overfitting.

Y@ Y 1) = L[V = Ty (2, Y, 1)) > 0] - 7"



Estimating the Oracle Margin in Practice. Since the
true Oracle Ranking Margin v* is inaccessible, we must esti-
mate it. Motivated by empirical findings that the implicit re-
ward distributions of aligned models are often right-skewed
(Qin, Feng, and Yang 2024), we propose using the mean im-
plicit margin g, within the current training batch B as a ro-
bust, annotation-free proxy for v*. To make the ideal mar-
gin from Eq. 8 tractable by relaxing the non-negativity con-
straint (i.e., the max(-,0) function), while also stabilizing
the estimation and scaling it appropriately, we apply Z-score
normalization (Patro and Sahu 2015). This yields:

7(1‘72/':1”3/1) = ma‘X( ' MT‘?O)a 9
where p, and o, are the mean and standard deviation of
T (T, Y, Y1) computed within batch B. The term %

calculates the normalized “difficulty” of the sample, which
is then scaled by the estimated oracle target p,. itself.

P =T 7o (T,Yw Y1)
o

Margin Scaling for Quality Representation. The mar-
gin from Eq. 9 effectively captures the relative difficulty of
a sample. However, empirical results find that the log prob-
ability might not truthfully reflect the quality of generated
sequence (Holtzman et al. 2021). To better represent the
quality gap between responses and speed up the training of
the hard incorrectly ranked samples, we introduce a scaling
function. Inspired by the strong correlation between perplex-
ity (PPL) and generation quality (Marion et al. 2023; Gonen
et al. 2023), we use an exponential scaling function *:

0 if vy =0,
hv(’Y) = { 7

B-ev ify>0.
Final Objective. Finally, to ensure that our adaptive mar-
gin serves as a fixed target for each sample within an opti-
mization step, we apply a stop-gradient operation (sg[]) to
prevent the gradient from margin calculation. Incorporating

all components, we obtain the final AMaPO objective:
LAM&PO (779; D) = ]E(x,yw ,yi1)~D [ IOg g (Tﬂ'e (I, Yw, yl)

_hw(sgh/(x’ywvyl)]))]' (11)

In summary, by employing an adaptive margin derived from
the model’s current ranking correctness, AMaPO effectively
manipulates the gradient to focus on learning from its errors.
This design directly resolves the overfitting and underfitting
issues inherent in prior methods, leading to improved rank-
ing accuracy and superior alignment performance.

(10)

5 Experiments

This section presents a series of experiments designed to rig-
orously evaluate AMaPO from multiple perspectives. Our
primary goal is to establish its overall superiority against
current methods, measured by both ranking accuracy and
performance on downstream tasks. Furthermore, we pro-
vide a targeted analysis to confirm that AMaPO directly ad-
dresses the core overfitting and underfitting issues identified
in our framework. Finally, detailed ablation studies to vali-
date the importance of each components.

“This elegantly transforms our additive, log-space margin into
the geometric mean of the PPL ratio within the batch. The deriva-
tion is in Extended version.
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5.1 Experimental Setup

Basemodels. To assess the robustness and general applica-
bility of our method, we experiment with two widely-used
open-source model families: Llama3-8B (Al@Meta 2024)
and Mistral-7B (Jiang 2024). For each family, we test two
distinct scenarios: (1) a Base model setup, where we first
perform SFT before preference alignment, and (2) an In-
struct model setup, where we begin directly with the pub-
licly available instruction-tuned model.

Training Datasets. Our training pipeline for the Base
models follows the well-established recipe (Tunstall et al.
2023): we fine-tune on UltraChat-200k (Ding et al. 2023)
to create an SFT model, which then is used to for prefer-
ence optimization on the UltraFeedBack Binarized dataset
(Cui et al. 2023). For the Instruct setup, to mitigate the dis-
tribution shift between the instruction tuned model and the
preference data (Meng, Xia, and Chen 2024), we regenerate
5 candidate responses for each prompt from UltraFeedback
by the Instruct model. We then use PairRM (Jiang, Ren, and
Lin 2023) to score the 5 responses to construct the chosen
and rejected response pairs.

Evaluation benchmarks. Our evaluation is designed to
be multi-faceted, assessing performance from ranking ac-
curacy to its practical downstream impact. (1) Ranking
Accuracy: To directly validate our claims about improv-
ing preference learning, we measure ranking accuracy on
RM-Bench (Liu et al. 2024), a challenging benchmark de-
signed to test a model’s grasp of subtle preference nu-
ances. (2) Overfitting-underfitting Problem: To further
test our hypothesis about resolving this problem, we also
evaluate ranking accuracy across four generalization sce-
narios on UltraFeedBack following (Hong et al. 2025):
In-Distribution (ID), Prompt-OOD, Response-OOD, and
Mutual-OOD. (3) Downstream Performance: To confirm
that improved ranking translates to better downstream per-
formance, we evaluate on the popular AlpacaEval 2 (Li et al.
2023) and MT-Bench (Zheng et al. 2023a) benchmarks.

Baselines. We compare AMaPO against other advanced
offline preference optimization methods, including DPO
(Rafailov et al. 2023), SLiC (Zhao et al. 2023), IPO (Azar
et al. 2024), KTO (Ethayarajh et al. 2024), and SimPO
(Meng, Xia, and Chen 2024). To ensure a fair and rigorous
comparison, we have thoroughly tuned the hyperparameters
for each baseline method and report their best performance.

5.2 Main Results on Benchmarks

Results on Preference Ranking and Downstream Bench-
marks. Our main results demonstrate that AMaPO
achieves superior performance in both preference learning
and downstream alignment tasks. As shown in Table 3,
which evaluates the ability to distinguish subtle preference
differences, AMaPO consistently outperforms other meth-
ods in different scenarios. Specifically, on the Llama3-8B-
Base setup, AMaPO improves the ranking accuracy over the
strong SimPO baseline by 2.4 and 2.1 points on Normal
and Hard cases, respectively. This highlights its enhanced
capability to discern subtle quality variations. In contrast,



Llama3-8B-Base

Llama3-8B-Instruct

Mistral-7B-Base Mistral-7B-Instruct

Method AlpacaEval 2 MT-Bench AlpacaEval2 MT-Bench AlpacaEval 2 MT-Bench AlpacaEval 2 MT-Bench
LC (%) WR (%) GPT-4Turbo LC (%) WR (%) GPT-4 Turbo LC (%) WR (%) GPT-4Turbo LC (%) WR (%) GPT-4 Turbo
SFT 6.2 4.6 33 260 253 6.9 8.4 6.2 4.8 17.1 147 6.2
DPO 182 155 6.5 403 379 7.0 15.1 125 5.9 26.8 249 6.3
SLiC 123 137 6.3 269 275 6.8 109 89 5.8 241 246 6.5
IPO 144 142 6.5 356 356 7.0 11.8 94 5.5 203 203 6.4
KTO 142 124 6.3 33.1 318 6.9 13.1 9.1 54 245 236 6.4
CPO 10.8 8.1 6.0 289 322 7.0 9.8 8.9 54 23.8 28.8 6.3
SimPO  22.0 203 6.6 447 405 7.0 215 208 6.0 32.1 348 6.6
a-DPO  21.7 206 6.8 46.6  39.6 7.2 172 13.0 6.2 342 338 6.7
AMaPO 264 214 6.4 46.1 413 7.2 243  20.6 6.2 345 351 6.7

Table 2: AlpacaEval2 (Li et al. 2023) and MT-Bench (Zheng et al. 2023a) results under the four settings. LC and WR denote
length-controlled and raw win rate, respectively. The best results are highlighted in bold.

while DPO often achieves the highest accuracy on Easy
cases where style biases can guide the model, it exhibits a
significant performance drop on Normal and Hard ones. For
instance, on Mistral-7B-Base model, DPO’s accuracy plum-
mets from 89.8% on Easy cases to just 18.7% on Hard ones.

This discrepancy aligns perfectly with our gradient anal-
ysis, which identifies DPO’s tendency to overfit to simple
patterns while underfitting to complex, misranked samples.
Although SFT models sometimes perform well, especially
on instruct-tuned setups, this strength does not reliably carry
over to downstream tasks. In contrast, AMaPO’s robust pref-
erence learning translates directly into superior alignment.
As shown in Table 2, AMaPO consistently leads on Al-
pacaEval 2 and MT-Bench. Notably, it achieves a length-
controlled (LC) win rate up to 4.4 points higher than SimPO
on Llama3-8B-Base and demonstrates strong performance
gains regardless of the evaluation metric. These findings
confirm that AMaPO effectively enhances core ranking ca-

Method Avg. Easy Normal Hard

) DPO 55.8 89.8 58.7 18.7
Mistral-7B SimPO  56.5  86.3 58.7 23.5
Base a-DPO 584 86.6 62.7 25.0
AMaPO 58.1 86.4 62.5 254

DPO 546 91.6 57.4 15.0

Llama3-8B  SimPO 569 87.5 60.2 233
Base a-DPO 582 87.1 62.1 25.6
AMaPO 58.6 87.8 62.6 254

) DPO 532 913 55.5 12.9
Mistral-7B SimPO 549  89.0 57.8 17.8
Instruct a-DPO 552 909 58.4 16.3
AMaPO 555 914 59.2 159

DPO 534 89.6 55.4 15.1

Llama3-8B  SimPO  55.7 86.1 58.7 22.4
Instruct a-DPO 550 834 57.6 23.8
AMaPO 56.5 85.7 59.8 24.0

Table 3: RM-bench (Liu et al. 2024) results under the three
setups, where Easy, Normal and Hard represent the preferred
responses have the better, same and worse style compared to
less preferred ones. Our AMaPO can achieve good perfor-
mance on distinguishing responses across various setups.
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Method Dip DNPrompt DNResponse D Mutual

. -n DPO  69.66 8301 6841  67.35
M‘SB‘”‘I B GimPO 7802 91.05 7608  75.04
ase AMaPO 79.26 92.46 83.62 82.97
DPO 6473 762 6129  60.25
Llag‘ﬁ‘gB SimPO 781 91.14 786 763
ase  AMaPO 77.33 91.41 77.87 76.91
oo DPO  82.19 8683 7567  72.89
MI‘S‘?‘] 7tB SimPO 8139 95.17 8631  85.64
nstruct AMaPO 82.85 94.88 91.74 90.91
DPO 7923 8734 6794  66.16
Lllan}ﬁ‘% SimPO 8445 9568 9346  93.16
nstruct — AMaPO 84.04  96.5 94.16  94.26

Table 4: Overfitting-underfitting Problem over ultrafeedback
dataset following (Lin et al. 2024; Hong et al. 2025). Our
AMaPO achieves promising ranking accuracy across in-
domain and out-of-distribution settings.

pabilities, and this fundamental improvement successfully
generalizes to diverse downstream applications.

Results on the Overfitting-Underfitting Problem. To
further validate our theoretical claims regarding the
overfitting-underfitting dilemma, we evaluate model perfor-
mance across four generalization scenarios. As shown in Ta-
ble 4, the results strongly support our analysis and demon-
strate the effectiveness of AMaPO. DPO consistently per-
forms the worst across both in-distribution and OOD set-
tings, confirming its dual vulnerability. For example, on the
Llama3-8B-Base setup, DPO’s accuracy is not only the low-
est in-distribution but also fails to generalize, lagging behind
AMaPO by over 15 points on Prompt OOD. This aligns with
our theory that DPO underfits on challenging OOD samples.
SimPO, while achieving high in-distribution accuracy, sug-
gesting a tendency to overfit to seen data, does not gener-
alize as effectively as AMaPO due to its static margin. For
instance, on Mistral-7B-Base, SimPO’s performance drops
by 15 points from Prompt OOD to Mutual OOD. In con-
trast, AMaPO resolves this tension: it matches or exceeds

>For more results like further downstream task results, genera-
tion length, batch size ablation, and cases, see Extended version.
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Figure 1: Ablation studies of the 3. (a) Ranking accuracy and AlpacaEval2 LC win rate under different 5 values. (b) Reward
difference distribution under different 3 values. (c) Log likelihood distribution on chosen responses under different 3 values.

SimPO’s in-distribution performance while achieving the
best results across all OOD settings. This robust generaliza-
tion confirms that our adaptive margin successfully mitigates
the overfitting-underfitting problem we identified.

5.3 Ablations and Further Analysis

This section delves deeper into the components and behavior
of AMaPO. We begin by ablating the modules, such as Z-
normalization and exponential scaling, to confirm their ne-
cessity. Our main analysis then focuses on the hyperparam-
eter 3, which controls the strength of the adaptive margin.

Importance of the components of AMaPO. Due to the
significant computational resources required, we conduct
this ablation study on Llama3-8B models, evaluating perfor-
mance on key downstream benchmarks. Results in Table 5
show that the complete AMaPO design, which integrates Z-
normalization (can also been shown as an alternative of lin-
ear scaling functions), exponential scaling, and a zero mar-
gin for correctly ranked samples, is critical for achieving
robust and well-rounded performance. While most ablated
variants still outperform the DPO baseline, removing any
single component results in a notable performance degra-
dation. This is particularly evident on the Llama3-8B-Base,
where removing exponential scaling and Z-normalization
(‘w/o adaptive‘) degrades the AlpacaEval 2 LC and WR
to 20.7% and 16.7%, below the full AMaPO’s 26.3% and
21.4%. Similarly, removing any components of AMaPO on
the Llama3-8B-Instruct causes the score on MT-Bench to
drop from AMaPO’s 7.2 to about 7.0. Thus, the synergistic

Llama3-8B-Base Llama3-8B-Instruct

Method AlpacaEval2  MT-Bench  AlpacaEval2  MT-Bench
LC (%) WR (%) GPT-4 Turbo LC (%) WR (%) GPT-4 Turbo
DPO 182 155 6.5 403 379 7.0
SimPO 220 20.3 6.6 447 40.5 7.0
AMaPO 263 214 6.5 46.1 41.3 7.2
w/o Z-norm 24.8 20.4 6.3 442 39.6 7.0
w/o exp 240 17.6 6.1 47.1 429 7.0
w/o adaptive 20.7 16.4 6.3 472 425 7.0
w/0 zero 223 21.1 6.6 48.6 45.0 6.7

Table 5: Ablation studies under Llama3-8B setups. We ab-
late the key design of AMaPO, the adaptive margin.

37347

combination of all components in AMaPO is essential for
a better adaptive margin and ensuring consistently superior
performance across diverse evaluation settings.

Influence of 5. To investigate the influence of our sole hy-
perparameter 3, we trained AMaPO on the UltraFeedback
dataset using the Llama3-8B-Base model with varying (3
values. As shown in Figure 1a, our analysis on the AlpacaE-
val 2 and UltraFeedback test sets reveals a clear inverted U-
shaped relationship between  and performance. Both rank-
ing accuracy and the LC win rate initially increase with /3
before declining, indicating that an optimal regularization
strength is empirically around 8 = 3. The underlying reason
for this trend is revealed by analyzing the probability distri-
butions on the UltraFeedback test set (Figures 1b and Ic).
As [ increases, the distribution of the probability margin,
7o (Yw|x) — 7o (yi|x), sharpens significantly, but the value at
the peak of the likelihood of winning responses, 7g (Y |T),
decreases. This reveals a critical trade-off: while a stronger
regularization (a higher (3) initially forces the model to more
accurately fit our adaptive margin, leading to performance
gains, an excessively high 5 causes the likelihood distribu-
tion to become overly peaked, resulting in model degenera-
tion and a subsequent drop in performance.

6 Conclusion

In this work, we present a novel analysis of offline prefer-
ence optimization and propose a new algorithm, AMaPO,
to address the dilemma we identified. Through a uni-
fied margin-based framework, our gradient analysis re-
veals that DPO-style methods suffer from an overfitting-
underfitting dilemma, inefficiently learning from preference
data. AMaPO rectifies this by introducing an instance-wise
adaptive margin that intelligently prioritizes difficult, mis-
ranked samples while ignoring those already learned. Ex-
tensive experiments show that AMaPO has a better ranking
accuracy, leading to a better performance on downstream
tasks. By providing both a more effective alignment algo-
rithm and a sharper analytical lens, this work paves the way
for more principled advances in preference optimization. ©

®A detailed discussion of limitations is in Extended version.
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